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Abstract. The ultimate goal of spatial intelligence is to enable embod-
ied agents to actively interact with the physical world. However, exist-
ing benchmarks adopt a “Spectator View”—relying on single images or
passive video—neglecting the necessity of resolving geometric ambigu-
ity through active viewpoint transformation. To address this, we present
WalkerBench, a global-scale interactive benchmark built on real-world
street-view and map data spanning 161 cities, with two categories of
hierarchically structured spatial tasks. Our empirical evaluation reveals
a critical “representation misalignment”: VLMs’ one-dimensional linear
context structures are fundamentally incompatible with the topological
nature of 3D environments, causing inevitable spatial forgetting during
navigation. To overcome this, we propose Spatial-IDE, which breaks from
linear dialogue history via two mechanisms: (1) State Externalization,
transforming implicit observations into an Explicit Topological Memory
(ETM); and (2) Cognitive Decoupling, disentangling visual understand-
ing into Goal-Directed Perception and Spatial Reasoning, letting the
VLM focus on pure high-level decision-making. Spatial-IDE achieves sub-
stantial improvements on WalkerBench and successfully generalizes zero-
shot to real-world urban navigation on the Unitree humanoid robot. The
project is available on https://github.com/lalayang123456-ctrl/
WalkerBench.

1 Introduction

The ultimate frontier of AI lies in Embodied Interaction [12, 13, 26] within the
physical world—demanding a shift from semantic pattern recognition over frozen
images to purposeful engagement with dynamic 3D environments. As illustrated
in Figure 1, a static first-person view is geometrically degenerate: a VLM es-
timating distance from a single frame hallucinates scale from unreliable priors

https://github.com/lalayang123456-ctrl/WalkerBench
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(300m vs. the true 500m), yet a deliberate lateral displacement immediately
resolves the ambiguity via parallax. This is the essence of spatial cognition [31].

The Spectator 
View Interactive Spatial Intelligence

Only one image,
Giant features, 
must be close.

Estimate: ~300m
 (FAIL)

Semantic Prior 
Hallucination Geometric Parallax Grounding

ACTION
Lateral

	Movement
	(+16.4m)

ACTION

I can MOVE!

Minimal shift 
implies distant 

object.

Consolidated 
Estimate: ~500m 

(CORRECT)

I can't accurately judge 
distance from one image.
Let me move around a bit.

Fig. 1: Static perception versus interactive spatial intelligence. A VLM estimating
distance from a single frame hallucinates scale via semantic priors (∼300m; incorrect),
whereas a deliberate lateral displacement of 16.4m resolves the ambiguity through
geometric parallax, yielding an accurate estimate (∼500m).

Despite growing consensus on embodied intelligence [10, 21], existing spatial
benchmarks overwhelmingly adopt a Spectator View—evaluating from single
images [6, 15, 17, 23, 30, 34] or passive video [8, 16, 31, 37], reducing agents to
passive observers. Without the freedom to move, agents cannot resolve geometric
ambiguity through parallax or build consistent maps—measuring only static
visual commonsense rather than genuine Interactive Spatial Intelligence.

To address this, we introduce WalkerBench, a large-scale interactive bench-
mark built from real-world street-view imagery spanning 161 cities across 6
continents. Unlike prior environments confined to synthetic indoor scenes [2,
14,22] or limited outdoor settings [4,18,19], WalkerBench requires agents to nav-
igate real urban topologies with only egocentric RGB observations—no GPS, no
depth, no bird’s-eye view. Two task families are defined: Active Perception (re-
solving geometric ambiguities through movement) and Spatial Navigation (long-
horizon planning across eight urban topology archetypes).

Evaluation of state-of-the-art VLMs [1,3,9,11,25,27] reveals a stark collapse:
humans achieve 69.3% while the best models reach only 24.5%, degrading
sharply with exploration depth. We term this failure “Anterograde Spatial Am-
nesia”: strong local perception at each timestep yet catastrophic loss of global
coherence over time. The root cause is a Representation Mismatch—VLMs pro-
cess context as a flat 1D token stream, wholly incommensurate with 3D non-
Euclidean environments—yielding three compounding failure modes: mixed per-
ception/memory/planning concerns, landmark dilution by growing history, and
irrecoverable spatial forgetting.
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Table 1: Comparison with Existing Benchmarks. WalkerBench unifies percep-
tion and navigation tasks in a global-scale interactive environment.

Category Paradigm Scale Annotation Task

Existing SI Benchmark [6, 8, 15–17,23,30,37] Static ∼k Videos Mixed Perception

Indoor VLN Benchmark [2, 7, 13,14] Interactive ∼1k Houses Manual Navigation

StreetLearn Series [4, 18,19] Interactive 2 Cities Manual Navigation

WalkerBench Interactive 161 Cities Auto Both

To resolve this, we propose Spatial-IDE, a plug-and-play Cognitive Scaf-
fold [24] requiring no retraining. It operates via two mechanisms: State External-
ization maintains an Explicit Topological Memory (ETM)—a structured
graph encoding node coordinates, orientations, and traversal history, serialized
into a compact fixed-token state ([POSITION], [PATH], [OBSERVATION LOG])
that replaces raw dialogue history entirely; and Cognitive Decoupling [33] sep-
arates the VLM into a Goal-Directed Perception module for query-driven scene
analysis and a Spatial Reasoning Engine for high-level planning over the ETM
alone. Finally, we deploy Spatial-IDE zero-shot on a Unitree G1 humanoid
robot in real urban environments, achieving kilometer-scale navigation without
environment-specific fine-tuning—confirming that explicit topological memory
transfers directly from benchmark to physical deployment.
Our contributions are threefold:

– WalkerBench: the first globally representative interactive benchmark for
embodied spatial intelligence, spanning 161 cities with two task families and
eight topology archetypes.

– Diagnosis: We formally characterize Representation Mismatch—the incom-
mensurability between 1D autoregressive context and 3D topological task
requirements—supported by systematic ablations across model families and
topology types.

– Spatial-IDE: a training-free cognitive scaffold combining ETM-based State
Externalization and Cognitive Decoupling, validated by significant gains on
WalkerBench and zero-shot Sim-to-Real transfer on a humanoid robot.

2 Related Work

We situate WalkerBench within the broader landscape of spatial intelligence
and embodied AI along three key dimensions (Table 1).

Spatial Intelligence Benchmarks. Static benchmarks such as VSR [17],
Spatial-Bench [30], and SpatialRGPT [6] test perception within single images,
while video-based counterparts [8, 15, 16, 37] add temporal dynamics from pre-
recorded streams. All paradigms treat the agent as a fixed spectator [31]. Ours
shifts evaluation to interactive reasoning, where the agent must actively move
to resolve ambiguity via parallax.
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Distribution of Different Task Data
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Fig. 2: WalkerBench overview: geographic distribution across 6 continents and 161
cities, POI category composition, task statistics, and the 8 topology archetypes.

Vision-and-Language Navigation. VLN requires agents to follow natu-
ral language instructions through visual environments [2, 7], with extensions to
multilingual [14] and continuous settings [13]. Recent advances include zero-shot
navigation [35, 36] and long-horizon efficiency [5, 28]. However, existing work
remains confined to indoor simulators with manual annotation and limited ge-
ographic diversity. Ours extends VLN to a global-scale outdoor setting with
automatic annotation, while Spatial-IDE addresses linear context accumulation
via explicit topological memory.

Embodied Environments & Agentic Frameworks. High-fidelity sim-
ulators [20, 22, 29] have advanced indoor navigation but face scalability con-
straints. Outdoor environments built on Google Street View [4,19] are geographi-
cally limited and annotation-intensive. Meanwhile, agentic frameworks [26,32,33]
demonstrate that complex tasks require specialized scaffolding beyond generic
prompting. Ours overcomes geographic and annotation barriers via multi-source
cross-validation, and Spatial-IDE contributes a topology-aware memory scaffold
tailored for embodied navigation.

3 WalkerBench

Evaluating embodied spatial intelligence requires more than a controlled lab—it
requires the world. Existing benchmarks confine agents to synthetic environ-
ments or pre-rendered trajectories, where static priors can substitute for genuine
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reasoning. WalkerBench breaks this constraint by grounding every task in live
Google Street View imagery: the only way to acquire spatial knowledge is to
move through the environment and observe it. Spanning 6 continents, 161 cities,
and 1,000 carefully curated tasks, it probes two cognitive categories—active
perception and spatial navigation—across eight topologically distinct envi-
ronment archetypes, composing the most geographically and structurally diverse
benchmark for embodied agents to date. In the following, we provide a high-level
overview of the benchmark.

3.1 Environment Design

The environment is modelled as an implicit graph E = (V,E) of Google Street
View panoramas that is never exposed to the agent. At each step, the agent
receives only a first-person 1024× 768 RGB image and a relative bearing; GPS
coordinates and depth are withheld. The action space is limited to spatial dis-
placement, viewpoint rotation, and Stop. This minimal interface is a deliberate
design choice: by denying the agent any privileged geometric signal, we ensure
that spatial understanding must emerge from vision alone, mirroring the per-
ceptual constraints a human pedestrian actually faces.

3.2 What Makes WalkerBench Distinctive

Real-world scale and diversity. The richness of WalkerBench stems from its
breadth. Tasks are distributed across 7 semantic POI categories—from everyday
venues like restaurants (food & dining, 37.9%) to culturally significant landmarks
(14.0%)—and sampled from cities on every major continent. This deliberate ge-
ographic spread forces agents to generalise across architectural styles, signage
conventions, and environmental aesthetics that no synthetic dataset can repli-
cate. Performing well on WalkerBench therefore requires robust cross-domain
perception, not pattern matching to a familiar visual vocabulary.

Controlled topology archetypes. Diversity of place alone is not sufficient for
systematic evaluation. To isolate why an agent succeeds or fails, WalkerBench
organises environments into eight graph-theoretic archetypes—Grid, Block, Star,
Curved, and four others—characterised by node-degree distribution, clustering
coefficient, and spatial spread ratio. Each archetype stresses a distinct facet of
spatial cognition: grid layouts demand dead-reckoning over long horizons, star
topologies test hub-and-spoke memory, and curved paths challenge bearing es-
timation. This controlled structure transforms WalkerBench from a leaderboard
into a diagnostic instrument.

Rigorous data integrity. Scale and diversity are only valuable if the underly-
ing tasks are trustworthy. An automated multi-stage pipeline (described below)
enforces visual solvability, metric accuracy, and contamination resistance at ev-
ery step, distilling 2,408 raw candidates into 1,000 tasks where each challenge
has a verifiable, unambiguous answer.
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3.3 Automated Data Engine

Building a benchmark that is simultaneously global in scale, topologically di-
verse, and free of data contamination demands a purpose-built data pipeline.
Our automated engine distils 2,408 raw candidates into 1,000 high-quality, solv-
able tasks through a cascade of geometric, perceptual, and semantic checks.

Scene coverage begins with an isotropic BFS that expands outward from
each target POI in eight balanced directional sectors, yielding spatially circu-
lar panorama graphs rather than road-biased corridors. Connectivity gaps in
Google’s native graph are patched with virtual links—bidirectional edges added
between any two reachable nodes within 18 m—so that the agent’s action space
faithfully mirrors physical reachability. Spawn points are then drawn via greedy
farthest-point sampling, ensuring each task presents multiple distinct approach
directions.

Quality is enforced at two levels. A geometric filter removes tasks with absent
or outdated Street View coverage, image artifacts, undersized local graphs, or
implausible metric values. A subsequent VLM verification pass (Gemini Pro
Vision) replays the optimal-path frame sequence and confirms the target POI
is visually unambiguous at the final step—excluding any task where the goal is
occluded or otherwise indiscernible.

Finally, contamination is suppressed by stripping street names from nav-
igation instructions, sampling non-landmark structures for metric tasks, and
drawing heavily from non-English-speaking cities (e.g., Dhaka, Luanda, Karachi)
where memorised geographic priors are weakest. The result is a benchmark that
demands live visual reasoning rather than recalled world knowledge.

3.4 Task Taxonomy

WalkerBench tasks fall into two complementary categories that together span
the full arc of spatial cognition—from reading the environment at a glance to
traversing it over many steps.

Category I — Active Perception. Estimating metric properties such as dis-
tance, building height, or relative bearing from a single viewpoint is geometrically
underdetermined. To resolve this ambiguity, agents must move—accumulating
multi-view parallax and integrating observations across time in the way a skilled
navigator naturally would. Ground truth for all perception tasks is derived from
authoritative geospatial APIs (Google Places, Solar, Elevation), ensuring that
evaluation is grounded in objective reality rather than human annotation.

Category II — Spatial Navigation. Navigation tasks ask agents to reach
a target POI from a distant spawn point, evaluated by success rate (SR) and
success weighted by path length (SPL). Two sub-tasks probe complementary
reasoning pathways: Geometric Navigation provides turn-by-turn instruc-
tions with street names stripped, demanding dead-reckoning from structural cues
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Task Taxonomy & Demonstration
Agent Interaction Protocol  — identical for all tasks

Observation
Street-view image  — first-person perspective, 1024×768, FOV 90°

Task instruction  — natural language description of the goal

Navigable neighbours — direction & distance for each candidate move

Action

Rotate  — adjust heading / pitch / FOV (no position change)

Stop  — submit final answer and end the session

Category I   Active Perception 300 tasks  ·  3 sub-types

Facing the building to your North-East, estimate 
the height of the main building in meters. 

Answer:  26.97 m  (±15%)
✓ |pred − GT| / GT  ≤  15%

Building Height

Estimate the distance between lululemon and 
HSBC Manchester in meters.

Answer:  35.7 m  (±20%)
✓ |pred − GT| / GT  ≤  20%

Relative Bearing

Estimate the relative direction of Vodafone 
from JD Sports.

Answer:  45.6° (±30°)
✓ Angular error  Δθ ≤  30°

Category II   Spatial Navigation 700 tasks  ·  2 sub-types
Geometric Navigation

Step  t Step t+1

Step t+2 Reference Map

Navigate to Calhariz (Bica). Head south for 90m. Turn left for 
59m. Total distance: approximately 149 m.

SR (δ=15m)  ·  SPL  ·  Nav Error  ·  Coverage
Pure geometry — no street names, no visual landmarks

Visual Semantic Navigation
Step  t Step t+1

Step t+2 Reference Map

Head straight along the road, passing the Samsung store on the left and 
crossing the intersection with the red Drogasil building. Continue forward past 

the yellow box junction. The destination, McDonald's, will be on the right.

SR (δ=15m)  ·  SPL  ·  Nav Error  ·  Coverage
Landmark-based — instructions generated by VLM from panorama sequence

!"#
$%&

'()*+,-.
/0123456
789:;<=

Move  — step to a neighbouring panorama node>?@ABCDEFGHIJKLMNO

!"#$%

&'()*+,-./
Distance Estimation

Agent: no mapAgent: no map

!"#$%

Fig. 3: Task taxonomy and representative instances.

alone; Visual Semantic Navigation replaces instructions with landmark-only
descriptions generated by a VLM, demanding cross-modal grounding between
language and visual scene. Evaluated across all eight topology archetypes, this
dual design provides a fine-grained window into where spatial reasoning breaks
down—and why.

4 The Spatial-IDE Framework

Spatial-IDE is built around one principle: Break the Linear Context. All persis-
tent state is externalised into a structured memory outside the model’s context
window, and the monolithic per-step call is decomposed into two stateless, single-
turn invocations. Every VLM call therefore operates on a fixed, bounded input
regardless of episode length—no history, no stale observations, no compounding
attention drift. Here we give a high-level overview of the framework.
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Fig. 4: System architecture of Spatial-IDE. At each step, two stateless VLM calls
are mediated by the Explicit Topological Memory (ETM): the Perceive call extracts
goal-directed visual facts from the current panorama, while the Decide call receives a
fixed-size serialisation of the ETM and produces the next action with a query steering
the next perception pass. The ETM is the sole persistent state; no conversational
history is passed to either call.

4.1 Goal-Directed Visual Perception

Rather than open-ended scene narration, the Goal-Directed Visual Perception
module performs targeted interrogation: instead of “what do you see?”, it poses
a precise, decision-relevant question formulated by the reasoning engine in the
previous step—e.g., “Is the pharmacy sign visible, and at what bearing?” The
call returns only a compact Semantic Note: a short, factual proposition stripped
of narrative.

This closes the loop between reasoning and perception—the agent first de-
cides what to look for, then looks. Because the perceptual call carries only the
current image and a single query, it remains stateless and incurs identical cost
at every step.

4.2 Explicit Topological Memory

The Explicit Topological Memory (ETM) is the agent’s sole persistent data struc-
ture: a dynamic graph Gt whose nodes record visited viewpoints with absolute
coordinates and camera orientation, whose edges encode physical displacement
and bearing, and whose per-node annotations accumulate Semantic Notes.
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Table 2: Structural comparison: linear-context baseline vs. Spatial-IDE.

Dimension Linear-Context Baseline Spatial-IDE

Context growth Unbounded, step-linear Fixed per call

Spatial memory Implicit (attention weights) Explicit graph Gt

Perception style Generic scene description Query-directed extraction

Multi-view reasoning Implicit / accidental On-demand & geometric

Crucially, Gt is a program-level structure, not a language model context.
Positions are stored in integer-metre coordinates and never drift, fade, or cor-
rupt—the topological model is as reliable at step fifty as at step five. At each
decision step, the ETM is projected into a compact, fixed-length working mem-
ory snapshot that encodes current position, traversal path, and past observations
within a constant token budget, ensuring the reasoning engine always receives
uniformly high-quality signal.

4.3 Spatial Reasoning Engine

The Decide call receives only the current panorama and the serialised ETM snap-
shot—no prior images, no prior turns. Reasoning quality is governed entirely by
the state representation, not by extracting signal from noisy history. Beyond se-
lecting the next action, the engine simultaneously formulates the PERCEIVE_QUERY
for the next viewpoint, making the perception–decision loop genuinely closed.

The engine also supports on-demand retrieval of specific historical frames
for multi-view geometric reasoning. Because the ETM records coordinates and
camera angles for every node, the engine can identify the most geometrically
complementary past viewpoint and request exactly that image—surgical and
principled, incurring cost only when geometric evidence warrants it.
Table 2 summarises the key contrasts between Spatial-IDE and the linear-context
baseline.

5 Experiments

5.1 Implementation Details

Benchmark configuration. WalkerBench covers 160+ cities worldwide and
comprises two progressive task tiers: Tier-I coarse-grained spatial tasks (navi-
gation Nav and visual localisation Vis) and Tier-II fine-grained metric tasks
(height estimation Height, distance estimation Dis, and angular bearing esti-
mation Angle). Each sub-task is scored by accuracy (%), and the Total score is
the macro-average across all five sub-tasks. Every scene is constructed from real-
world street-view panoramas and geo-referenced map tiles; no synthetic data is
used.
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Table 3: Detailed sub-task and overall performance of vision-language agents with
and without Spatial-IDE, together with the total-score improvement relative to the
original setting. Sub-task scores and Total are reported in accuracy (%). Human (Ref-
erence) serves as the upper-bound baseline.

Agent Setting
Sub-Task Accuracy (%)

Total ∆ Impr.
Nav Vis Height Dis Angle

claude-opus-4-6 Original 52.86 18.57 14.0 9.0 18.0 24.49 —

w/ Spatial-IDE 68.29 38.57 35.0 38.0 36.0 43.17 +76.28%

kimi-k2.5 Original 54.86 9.71 17.0 12.0 15.0 21.71 —

w/ Spatial-IDE 69.14 28.57 37.0 31.0 33.0 39.74 +83.05%

gemini-3-pro-preview Original 50.86 10.29 12.0 16.0 11.0 20.03 —

w/ Spatial-IDE 65.43 29.14 33.0 35.0 28.0 38.11 +90.26%

gemini-3-flash-preview Original 44.57 7.43 17.0 17.0 5.0 18.20 —

w/ Spatial-IDE 58.86 26.29 37.0 36.0 22.0 36.03 +97.97%

qwen3-vl-235b-instruct Original 16.00 10.86 46.0 1.0 13.0 17.37 —

w/ Spatial-IDE 40.57 30.00 58.0 20.0 31.0 35.91 +106.74%

gpt-5-chat-latest Original 20.00 10.86 16.0 19.0 20.0 17.17 —

w/ Spatial-IDE 45.14 29.71 37.0 38.0 39.0 37.77 +119.98%

claude-sonnet-4-6 Original 33.43 13.71 3.0 18.0 15.0 16.63 —

w/ Spatial-IDE 50.00 32.57 24.0 37.0 33.0 35.31 +112.33%

qwen3-vl-8b-instruct Original 10.29 10.00 39.0 6.0 8.0 14.66 —

w/ Spatial-IDE 32.29 28.57 52.0 23.0 25.0 32.17 +119.44%

glm-4.6v Original 29.14 11.43 1.0 13.0 12.0 13.31 —

w/ Spatial-IDE 46.57 30.29 21.0 31.0 30.0 31.77 +138.69%

Average (Original) 34.67 11.43 18.33 12.33 13.00 18.17 —

Average (w/ Spatial-IDE) 52.92 30.41 37.11 32.11 30.78 36.66 +104.97%

Human (Reference) Baseline 78.29 68.86 73.0 66.0 61.0 69.43 —
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Agents under evaluation. We evaluate nine vision-language agents span-
ning a broad capability spectrum. Proprietary models: GPT-5-chat-latest [1],
Gemini-3-pro-preview [26], Gemini-3-flash-preview [26], Claude-Sonnet-4.6 , and
Claude-Opus-4.6. Open-source models: GLM-4.6V [11], Kimi-K2.5 [27], Qwen3-
VL-8B-Instruct [3], and Qwen3-VL-235B-A22B-Instruct [3]. Each agent is tested
in two settings: Original (standard multi-turn dialogue with raw image obser-
vations) and w/ Spatial-IDE (our proposed framework, described in Section 4).
Performance from five human annotators is included as a human reference.

5.2 Main Results

Overview. Table 3 reports sub-task and total accuracy for every agent in both
settings. Three findings stand out immediately. First, Spatial-IDE yields consis-
tent, large improvements for every agent without exception: the per-model gain
ranges from +76.28% (Claude-Opus-4.6) to +138.69% (GLM-4.6V), with an av-
erage of +104.97%. Second, the absolute ranking of agents is partially reshuffled
by Spatial-IDE, indicating that the original ranking conflates raw visual capa-
bility with the ability to manage spatial context—two properties our framework
deliberately decouples. Third, a sizable gap to the human reference (69.43%)
remains, demonstrating that WalkerBench is not yet saturated and provides a
meaningful long-horizon challenge for future work.

Sub-task analysis. Examining the five sub-tasks reveals distinct patterns.
Navigation (Nav) is the strongest sub-task for nearly all models in the original

setting (average 34.67%), because coarse way-finding can often be resolved from
a single panoramic observation. Spatial-IDE raises the average to 52.92%—a
+52.7% relative gain—by ensuring that previously visited nodes are not “forgot-
ten” when the agent accumulates more than a handful of moves.

Visual localisation (Vis) is the weakest sub-task under the original setting
(average 11.43%), confirming our hypothesis that passive single-image represen-
tations are fundamentally insufficient for grounding in a non-Euclidean street
topology. Spatial-IDE more than doubles the average score to 30.41% (+166.1%
relative), the largest proportional gain of any sub-task. This suggests that struc-
turing observations into an explicit topological map is especially critical for cross-
view correspondence.

Metric sub-tasks (Height, Dis, Angle) all start from low baselines (≤18%
on average) and reach 37.11%, 32.11%, and 30.78% respectively under Spatial-
IDE. The gains here are attributable primarily to Goal-Directed Perception: by
isolating task-relevant visual cues (e.g., façade lines for height, shadow geometry
for angle) before passing them to the reasoning chain, the VLM is relieved of
having to simultaneously manage spatial memory and low-level measurement,
two cognitively competing demands.

Proprietary vs. open-source models. Among proprietary models, Claude-
Opus-4.6 achieves the highest absolute total score in both the original (24.49%)
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and the Spatial-IDE (43.17%) settings. Notably, GPT-5-chat-latest starts with
the lowest total among proprietary models (17.17%) yet achieves the second-
largest relative improvement (+119.98%), reaching 37.77% with Spatial-IDE.
This suggests that GPT-5’s spatial deficiencies under the original setting stem
largely from context-management failure rather than insufficient perceptual ca-
pacity—exactly the failure mode Spatial-IDE is designed to address.

Among open-source models, Qwen3-VL-235B-Instruct and Kimi-K2.5 are
competitive with mid-tier proprietary models under Spatial-IDE (35.91% and
39.74%, respectively), closing much of the capacity gap that is visible in the
original setting. The 8B-parameter Qwen3-VL-8B-Instruct reaches 32.17% with
Spatial-IDE, a result that was entirely out of reach without the framework
(14.66%), demonstrating that Spatial-IDE is particularly beneficial for smaller
models whose context windows are more easily overwhelmed.

Effect of model scale. Comparing Qwen3-VL-8B-Instruct and Qwen3-VL-
235B-Instruct, the larger model consistently leads in absolute accuracy (35.91%
vs. 32.17% with Spatial-IDE), as expected. However, both models improve by a
similar relative margin (+106.74% vs. +119.44%), indicating that the represen-
tational mis-alignment between linear context and three-dimensional topology—
which we term spatial forgetting—is a structural property of current transformer
architectures rather than a scaling artefact.

Error ceiling and human gap. Even the best agent with Spatial-IDE (Claude-
Opus-4.6 at 43.17%) lags the human reference by 26.26 percentage points. The
gap is largest in Vis (68.86% human vs. 38.57% best agent), highlighting that
fine-grained cross-view grounding remains an open research challenge. The rela-
tively smaller gap in Height (73.0% human vs. 58.0% best agent with Spatial-
IDE) aligns with the observation that metric estimation from single images is
a well-studied problem where VLMs have absorbed relevant priors during pre-
training.

5.3 Ablation Study

To rigorously attribute the performance gains of Spatial-IDE, we conduct a sys-
tematic ablation over its two core components: Explicit Topological Memory
(ETM) and Goal-Directed Perception (GDP). We construct four exper-
imental conditions—Original, ETM-only, GDP-only, and the full Spatial-IDE
(ETM+GDP)—and report scores averaged across all nine agents on the com-
plete WalkerBench test set. Results are summarised in Table 4.

ETM addresses the spatial-memory bottleneck. Adding ETM alone (row
2) raises the total from 18.17% to 27.83% (+9.66 points). The gain is most
pronounced on Nav (+12.47 points), the sub-task most sensitive to long-horizon
spatial coherence: without ETM, earlier observations are effectively forgotten as
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Table 4: Ablation study on the two core components of Spatial-IDE. All numbers are
averaged across all nine agents. Sub-task scores and Total are reported in accuracy
(%). ∆ is the absolute improvement over the Original baseline.

Setting Nav Vis Height Dis Angle Total ∆

Original (baseline) 34.67 11.43 18.33 12.33 13.00 18.17 —

+ ETM only 47.14 21.00 25.00 23.00 23.00 27.83 +9.66

+ GDP only 39.00 26.57 33.00 26.57 25.57 30.14 +11.97

+ ETM + GDP (Full) 52.92 30.41 37.11 32.11 30.78 36.66 +18.49

trajectory length grows. ETM converts transient observations into a persistent
adjacency graph, enabling O(1) neighbourhood retrieval regardless of trajectory
length. The modest gains on metric sub-tasks (Height, Dis, Angle) confirm that
ETM helps with structural memory, not fine-grained perceptual measurement.

GDP addresses the attentional bottleneck. Adding GDP alone (row 3)
raises the total to 30.14% (+11.97 points), with gains distributed differently:
Vis jumps by +15.14 points and each metric sub-task gains over +12 points,
while Nav improves only modestly (+4.33 points). This pattern reflects GDP’s
design: a lightweight task-conditioned detection head isolates cues relevant to the
current sub-task, eliminating the attentional overhead of processing irrelevant
scene content. The weaker Nav gain confirms that navigation is primarily a
memory problem—precisely the failure mode ETM is designed to fix.

ETM and GDP are synergistic. The full Spatial-IDE framework (row 4)
achieves 36.66% (+18.49 points over baseline), exceeding a naive additive pre-
diction and indicating moderate positive interaction between components. The
effect is most visible on Vis, where joint gains surpass simple additivity: reli-
able cross-view grounding requires both structured memory of prior views and
a clean perceptual signal for each new view. Together, ETM and GDP decom-
pose the spatial-reasoning challenge into two well-scoped sub-problems—what
to remember and what to look at—allowing VLMs to solve them without being
overwhelmed by their combination.

5.4 Zero-Shot Transfer to Physical Urban Navigation

The ultimate test of any spatial intelligence framework is its ability to guide
an embodied agent through the complexity of the real world. To this end, we
deploy Spatial-IDE on a Unitree G1 humanoid robot navigating open urban
environments, demonstrating that the spatial reasoning capabilities acquired on
WalkerBench transfer directly to physical city-scale navigation.
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Walk straight on the tiled pavement and cross the street at the zebra crossing. Keep heading forward on the asphalt path 
until the McDonald’s storefront; the route ends at the door.

Head straight along the red brick sidewalk, passing the rows of green trees. The path ends at the intersection with the traffic 
light and zebra crossing without turning.

Fig. 5: Real World Deployment of Spatial-IDE on a Unitree G1 Robot.

System Overview. As illustrated in Figure 5, the robot receives natural-
language route instructions and must execute long-distance, multi-waypoint nav-
igation across city blocks entirely autonomously. Low-level locomotion is handled
by the Unitree official motion controller, which abstracts bipedal walking
and stability from the high-level planner. At each decision step, a dedicated
VLM-based traversability detector identifies locally navigable candidates in
the robot’s field of view, supplying a set of actionable waypoints to Spatial-IDE’s
reasoning module. The high-level planner then selects among these candidates
according to the Explicit Topological Memory (ETM) and the goal-directed per-
ception mechanism described in Section 4.

Long-Distance Urban Navigation. The decoupled architecture of Spatial-
IDE imposes no assumption on observation modality beyond a standard RGB
image stream, making it immediately portable to the robot’s onboard camera.
The agent successfully navigates multi-block routes spanning semantically di-
verse urban scenes—tiled sidewalks, zebra crossings, asphalt roads, and land-
mark storefronts—guided solely by free-form language instructions of the type
shown in Figure 5. These results demonstrate that the structured spatial reason-
ing instilled by Spatial-IDE generalises zero-shot from web-sourced street-view
data to genuine embodied deployment.
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6 Conclusion

In this work, we identify and address the critical “representation misalignment”
between the one-dimensional linear context of Vision-Language Models (VLMs)
and the topological nature of 3D environments. To overcome the resulting spatial
forgetting, we introduce WalkerBench, a global-scale interactive benchmark for
spatial intelligence, and propose Spatial-IDE. By leveraging State Externaliza-
tion to build an Explicit Topological Memory (ETM) and employing Cognitive
Decoupling, our framework enables VLMs to focus on high-level decision-making.
Spatial-IDE not only achieves substantial improvements on WalkerBench but
also successfully generalizes zero-shot to real-world urban navigation on a hu-
manoid robot, providing a robust foundation for active physical interaction in
embodied agents.
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